There is a large literature that estimates dividend values from the dividend drop-off ratio around company ex-dividend dates. This paper focuses on how choices relating to the sample and method of measurement impact on the drop-off estimate. Specific issues considered are the use of opening and closing ex-dividend prices, adjustments for outliers, the impact of the market adjustment, thin trading, the size of the spread and tick relative to the dividend, and ex-dividend event clustering. The results show that conclusions regarding the drop-off ratio are sensitive to small changes in choices about the sample and measurement. Thus, rather than focus on deriving a point estimate of the drop-off ratio, it may be more sensible to talk in terms of a feasible range.
Introduction
How much is a dollar of dividends is worth? Since Miller and Modigliani's (1961) paper, this question has been hotly debated. The answer is important in the formulation of company financial policy, in valuation and in questions regarding the cost of capital. Under the Australian imputation tax system, the value of dividends and associated imputation tax credits has been a very contentious issue in regulatory hearings. This is because the valuation directly affects the prices that regulated entities are allowed to charge. Thus, the valuation of dividends is a matter of intense academic and practical interest.
Following the work of Elton and Gruber (1970) ex-dividend studies have become the method that is extensively used to empirically address dividend valuation. Such studies provide an estimate of the drop-off ratio, which is the ratio of the ex-dividend price drop to the dividend. However, there has been extensive debate about the values produced by ex-dividend studies. Elton and Gruber estimated a drop-off ratio of 0.78, but Kalay (1982) found that the drop-off ratio was not significantly different to one.
The considerable subsequent literature has produced a range of estimates and the debate is ongoing (for example Elton Gruber and Blake, 2005, recently revisited this issue and found support for the original Elton and Gruber, 1970, study) .
Variation in drop-off ratios across studies has meant that the debate over ex-dividend valuation remains unresolved. One purpose of the current study is to demonstrate that this debate is likely to remain unresolved because of the variation in drop-off estimates that can arise due to modest changes in sample and/or choices about methods of analysis. We show, for example, that switching between ex-dividend prices observed at the beginning and end of the day reverses the conclusion about whether or not the drop-off ratio is one, as does a simple scaling of the regression equation used to estimate the drop-off ratio. Thus we caution against attaching too much weight to any one ex-dividend based estimate of dividend value.
An important and potentially highly influential part of any study of ex-day dividend drop-offs relates to the choice of the sample of data.
2 On the one hand, it is desirable to include as many observations as possible. For example, the seminal paper by Boyd and Jagannathan (1994) discusses the need for a large sample to combat sampling error, discreteness and parameter instability. They estimate their results using a sample of 132,057 dividend events, with only minimal filtering to exclude dividends that had more than one type of dividend being paid, or that were partly tax-paid.
2 A related literature has considered the choice of estimation technique and, in particular, how to deal with the multicolinearity that exists between the size of the dividend and the franking credit (see Bellamy and Gray (2004) ). As the focus of this paper is on the data sample selection issue, we do not specifically address the issue of estimation technique.
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can be a challenge to separate the dividend valuation from the noise of extraneous impacts on price.
In addition to stale prices, infrequently traded stocks may also be limited in their ability to adjust to ex-dividend events due to wide bid-ask spreads. Specifically, where the spread is large and the dividend relatively small, then the theoretical dropoff in the share price may be close to, or even less than, the spread in the stock.
Obviously, the ability of the change in market price to fully reflect the change in the value of the stock is limited in such circumstances. The minimum tick size (see Bali and Hite, 1998 ) is a further factor that may limit the ability of price changes to fully account for the dividend.
One issue that has received relatively little attention in ex-dividend studies, is the issue of the independence of the observations. Ex-dividend dates tend to be clustered on certain days-of-the-week and at certain times of the year. As a consequence observations will not be independent and the standard errors will be understated. One solution is to form portfolios of stocks which are observed within a common time period, but whether that period should be a day or longer is an open question.
Time clustering also has significance for the method of adjusting for overnight movements of the market. Brown and Warner (1980) present evidence that the adjustment for market movements should be firm specific where there is time clustering in events. That is, they should reflect the sensitivity of the individual firm to movements in the market. However, Australian ex-dividend studies, as in Beggs and Skeels (2006) , typically use the movement of the whole market to make the 6 adjustment. In effect, they assume that the sensitivity of stock returns to the market (the equity beta) is one. Unfortunately, estimated betas for individual stocks are frequently so unreliable that using firm specific adjustments is unlikely to be an improvement and may make things worse. The alternative is to use industry betas, which may be more reliably estimated.
One final issue relates to the presence of holidays and weekends in the dataset.
Where a dividend event is impacted by the occurrence of a holiday or weekend, this means that the return is not measured across successive calendar days. So the return likely incorporates a greater amount of news, which has accumulated over the longer interval and the price movement observed is less indicative of the value of the dividend. As such, a case may be made to exclude these observations and we investigate what effect this has.
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The purpose of this paper is to empirically investigate the impact of the following on the estimation of the dividend drop-off ratio:
• the use of opening and closing ex-dividend prices,
• adjustments for outliers,
• the adjustment for market movements,
• the effect of thin trading,
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• the size of the spread and tick relative to the dividend
• ex-dividend event clustering through time and by day of the week.
It is unknown what impact, if any, each of these issues may have on the estimation of the dividend drop-off ratio. It is worth emphasising that the point of this paper is not to suggest the optimal choice for data selection when undertaking dividend drop-off studies. Rather, it is to help other researchers understand the likely consequences of the choices that they make.
Data and Method
The sample of dividend event data used in this paper consists of all dividend events for the ASX over the period July 1997 to February 2010. This data is provided by SIRCA and consists of 13,080 unique observations. To ensure that the data is as close as possible to that used in other dividend drop-off studies, we only consider those dividends identified as interim or final. Further, as in Beggs and Skeels (2006) we only consider dividends paid by ordinary class shares and trusts (SIRCA security type 1 or 6). Finally, we limit our sample to only those stocks we could match with the Datastream database, which allows us to externally validate the price data. Thus, we arrive at our final sample of 10,160 dividend events for 1,129 individual companies.
The empirical ex-dividend work typically uses regression estimates rather than computing the drop-off ratio directly from raw data. The relationship between the dividend price drop-off and the size of the dividend may simply be estimated as:
8 where ܲ , is the cum-price for stock i, ܲ ௫, is the ex-price, ݀ is the dividend, ߙ and ߚ are parameters to be estimated and ߳ is the residual. Beggs and Skeels (2006, p.6) point out that dividend drop-off models, "are typically troubled by the presence of heteroscedasticity". 5 To account for any potential variation in the variance, a white heteroscedasticity consistent covariance matrix is specified for all regression Armitage, Hodgkinson and Partington (2006) . This approach offers the advantage of not excluding observations, but simply reweighting them to lessen their influence. As such, the estimation results are still based on the complete 9 sample of data, however the influence of the outlier observations is lessened resulting in more reliable estimates.
Following Boyd and Jaganathan (1994) , it has become common to express the variables of Equation 1 relative to the cum-dividend price. After scaling by the cumdividend price Equation 1 becomes:
In estimating this equation we either specify a White heteroscedasticity consistent covariance matrix for the errors, or a robust regression technique is applied.
Benchmark results
To provide a benchmark set of results, Equations 1 and 2 were applied to the sample of raw data and the estimation results are presented in Table 5 . For the sake of brevity therefore, discussion of significance is omitted in the analysis of subsequent results. Instead we focus on the variability of the dividend valuation estimate, which is the central theme of this paper.
Outliers and partitioning the data
Outliers are a common feature of ex-dividend data and we investigate alternative ways of handling this in Panel A and B of Table 1 . These results provide the dividend drop-off estimates generated using the MM robust regression model and the drop-off ratio using a sample of data with the top 1% of influential outliers excluded (identified using Cook's D-statistic). The results reveal that the adjustment for outliers tends to yield higher estimates of the drop-off ratio, but the close-to-open estimates are not particularly sensitive to this adjustment. The close-to-close estimates differ rather more. For example, the close-to-close MM robust regression estimate increases from 0.7980 for the raw data to 0.9987 for Equation (1) and in the case of Equation 2, the robust regression estimate is greater than one (β = 1.0070).
The presence of noise in the data and measurement errors mean that it is common in ex-dividend studies to partition the data into various samples, as a form of robustness test. The most commonly used partitions segregate the data according to firm size, dividend yield classes and, in Australian studies, by franking status. Such partitions commonly show that the drop-off ratio increases with dividend yield classes, and we also find this result using our data. For example, the drop-off ratio using close-toclose prices and Equation 1 for high dividend yield stocks is 0.88 (the top half of the sample ranked by dividend yield), whereas for low dividend yield stocks it is 0.68 (the bottom half of the sample) and 0.22 when only the bottom third of the sample is considered. This is a consistent result in the literature from Elton and Gruber (1970) onwards.
Larger firms also tend to have higher drop-off ratios (see Hathaway and Officer, 2004) and our data corroborates this finding. For example, the drop-off ratio estimated using close-to-close prices and Equation 1 for large stocks is 0.80 (the top half of the sample ranked by size), whereas for small stocks it is 0.63 (the bottom half of the sample) and 0.44 when only the bottom third of the sample is considered. This result is most probably because the dividends of large firms tend to be larger and these stocks are easier to trade (in particular the bid ask spread is lower). Further, stale prices are less of a problem and dividend arbitrage is a more attractive proposition.
Partitioning the data between fully franked and unfranked dividends the drop-off ratio is higher for fully franked dividends as in Bellamy (1994) and Truong and Partington (2006) . The drop-off ratio, measured using close-to-close prices and Equation 1, for fully franked dividends is 0.9726, and for unfranked dividends it is 0.8623. However, for partially franked dividends the estimate of 0.8548 is similar to that for unfranked dividends.
Does the Market Adjustment Matter?
It is common in the literature to measure the price drop-off using an adjusted ex-date price to account for the overnight market movement, ie. ܲ ௫, ᇱ = P x,i / (1+R m,i ) where R m,i is the overnight movement in the market for dividend event i. In this case, the beta of each stock is assumed to be one and in the current study the market return is measured using the Datastream Australia Market Price Index.
To assess the impact of this adjustment to the overnight return, Table 1 presents the estimated results for Equation (1) and (2) where the market beta of one is used to provide an adjusted ܲ ௫, ᇱ . The close-to-open drop-off ratios are similar to their raw data counterparts as is the close-to-close estimate for Equation 2. However, the close to close estimate for Equation 1 generated a somewhat higher dividend value.
We demonstrate later that there is time clustering in the ex-dividend events in the sample. The work of Brown and Warner (1980) suggests that adjustment for market movements should be firm specific where there is time clustering in events. That is, they should reflect the sensitivity of the individual firm to movements in the market.
Unfortunately, estimated betas for individual firms are frequently so unreliable that 13 using firm specific adjustments is unlikely to be an improvement and may make things worse. A reasonable compromise therefore, might be to measure the price drop-off relative to the industry-beta adjusted return for the stock.
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The regression equations are re-estimated using the industry beta adjusted change in prices and the results are presented in the final rows of Panel A and B of Table 1 . The drop-off ratio estimates are typically quite close to their benchmarks, except for the close-to-close returns for Equation (1), where the beta estimate is slightly higher than the benchmark.
In summary, the results of the data analysis so far suggest that dividend drop-off ratios vary considerably. In particular, where the returns are measured from close-to-close, the drop-off ratio varies from around 0.80 to 1.00 irrespective as to whether raw price changes or scaled price changes are considered, whereas the close to open drop-off ratios are more less variable. Further, robust regression and a sample truncated to exclude outliers both produce higher drop-off ratio estimates. Finally, the adjustment of the return for the overnight movement in the market has relatively little impact on the drop-off ratio.
The remainder of this paper will focus on the data issues of thin trading, the size of the spread and tick relative to the dividend and dividend event day clustering. While we considered the impact of these issues across a number of different data specifications and estimation options (the use of close-to-open returns, the use of 14 market and industry beta adjusted prices in the analysis, and also the use of robust regressions and outlier reduced samples), the discussion of the regression results will be limited solely to an analysis of the close-to-close returns data. This allows us to present the basic tenor of our results without burdening the reader with a myriad of tables. We specifically chose to focus on close-to-close returns as they are the most commonly used in the literature. Further, we also choose not to detail our robustness checks on firm size, franking status and dividend yield as these did not serve to alter the results in any meaningful way.
The Impact of Stale Prices on the Drop-off Ratio
Stale prices are an important issue for any ex-dividend study, as they are likely to confound the ex-dividend effect with other effects. In particular, stale prices can give rise to apparent dividend drop-off values of zero. In order to gain a sense of the nature of the problem, we first consider the extent to which cum and ex-date prices are stale.
For the cum-date data, only 26% (2,675 observations) of prices were generated at the market close. A further 59% of the dividend events have a trade on the cum-date but not at the close. Panel A of Table 2 presents descriptive statistics of the number of minutes prior to the close that the last trade occurred for these 5,985 observations and There is a great deal of variation in this data however, as the standard deviation is more than an hour and a half (1:31:09). About fifteen percent (1,500 observations) of the sample had no trade on the cum-date. The descriptive statistics of the number of days prior to the cum-date on which the last trade is observed are presented in Panel B
of Table 2 and a plot of this data is presented in Figure 2 . The median number of days of the last trade prior to the cum-date was three, with a standard deviation of 50 days, again highlighting the great degree of variation in the data.
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The dividend drop-off is commonly measured from the cum-date close to the ex-date close, in which case the last trade of the ex-date is of interest. Of the 8,066 events that had a trade on the ex-date, 24% (2,456 observations) of trades were generated at the market close. A further 55% (5,610 observations) of the dividend events have a trade on the ex-date but not at the close. Panel A of Table 2 presents descriptive statistics of the number of minutes prior to the close that the last trade occurred for these 5,610
observations. Table 2 and a visual representation of the data is provided in Figure 4 .
The analysis in the previous section showed that the close-to-open returns generated less variable drop-off estimates. It is interesting to note there is higher proportion of prices observed at the open (50% or 5,050 observations) compared to the close.
However, this is based on a start time of 10:10am to account for the staggered 8 We note the extreme maximum values for both sets of summary statistics presented in Panel B of Table 2 . We allowed these observations to remain in the data as it is not obvious what rule should be used to filter them out, ie. at what point do they become plausible. Further, as our goal is to highlight the problems inherent to standard dividend drop off studies, we did not want to employ any additional filters beyond those commonly used in the literature. Table 2 and a visual representation of the data is provided in Figure 5 . Note that this figure shows the trade time of all stocks after the 10:00am open and so exhibits clustering in the first ten minutes due to the staggered start of the trading day.
Over the entire sample, we observe 1,075 events which have no trade on either the ex or the cum date, 1,444 events that have a trade on either the ex or the cum date and finally, 7,641 events that had a trade on both the ex and the cum date.
To assess the impact of stale prices on the drop-off ratio estimate, the close-to-close regression analysis is replicated excluding those events where stale prices are a feature. The estimated results are presented in Panel A of Table 3 , where the benchmark close-to-close results from Table 1 Rather than excluding data from the analysis, an alternative approach would be to preserve the data by adjusting the prices to account for the length of time the stock has not traded. Thus a hypothetical cum (ex)-price is created by adjusting the last (first) traded price using either a beta of one, or that stock's industry beta, and the market return over the period from the day of the last (first) traded price to the cum (ex)-date.
These adjusted price series are used to re-estimate the raw price regression analysis and the results are presented in Panel B of Table 2 . For Equation (1), updating stale prices using the market beta, or industry beta, results in consistently higher drop-off estimates. Where Equation (2) is used, the stale price adjusted estimates are generally lower than the benchmark, but the effect is rather small.
The Impact of Spread Size on Drop-off Ratios
A potentially important source of measurement error in ex-dividend studies arises from the bid-ask spread. The problem is that where the dividend is small, and/or the bid ask spread is wide, movements in price due to the stock going ex-dividend will be difficult to measure accurately. To provide some insights into this issue, Panel A of half an hour before the close. Table 4 shows that a large proportion of the data is potentially affected by the problem of dividends inside the spread. In particular, the data at the open and the close has a high percentage of observations where the dividend to spread ratio is less than one. It is worth noting that the spread data has a number of missing observations, in particular at the start of the day. The 3.30pm data provides the most complete sample and to aid interpretation, Figure 6 presents a plot of the dividend to spread ratio for the 3.30pm data.
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To assess the impact of the spread on the estimation of the dividend drop-off ratio, Table 5 presents the estimation results for Equation (1) and (2) using close-to-close prices for all events where spread data is available at a given point during the day and a restricted sample of data where the dividend to spread ratio is greater than one. For Equation (1) excluding those observations with a large spread relative to the size of the dividend generally serves to raise the drop-off ratio. While for Equation (2) the effect is to reduce the drop-off ratio. It is also evident from Table 5 that the drop-off ratio is very sensitive to the filtering applied to the data. The sample requiring spread data for 10.00am gives a low drop-off at 0.57, while the sample requiring spread data at 4.00pm, gives a high drop-off at 1.04.
The Impact of Tick Size on Drop-off Ratios
Boyd and Jaganathan (1994) discuss the difficulties that discreteness of stock prices creates when estimating the expected price drop. In essence, discreteness introduces noise to the event as prices are prevented from fully adjusting where the dividend is not a multiple of the tick size. This resulting measurement error is greatest when the dividend is small relative to the tick size. Bali and Hite (XXX) argue that the tick size effect results in a downward bias in the drop-off ratio. Given that tick sizes in Australia are typically one cent we would not expect tick size to be an important issue, but this requires empirical verification.
Panel B of Table 4 summarises the dividend to tick size ratio for the sample of data considered in this paper. Dividends are typically several multiples of the tick size, but this is not always the case. As the table shows about 1% of observations have a 19 dividend that is less than the tick size. To assess the impact of these small dividend events, the drop-off equations are estimated for close-to-close prices for a restricted sample of data where the tick to dividend ratio is greater than one. The market and industry beta analysis is also re-estimated. Panel A of Table 6 shows that there is little effect when using Equation (2), but using Equation (1) there is a modest increase in the drop-off ratio.
Panel B of Table 4 shows the results from restricting the sample to cases where the ratio of dividend to tick size is a whole number. Again there is little effect when using Equation (2) but there is a modest increase in the drop-off ration when using Equation
(1).
Are Dividend Days Clustered Across the Calendar Year?
The nature of the reporting cycle for listed companies means that there is potentially a great deal of clustering of observations in a sample. This violates the assumption of independent and identically distributed errors and so introduces a possible bias to the estimation process.
A histogram of the number of dividend events for each day of the year is presented in Figure 7 . A clustering of dividend events is clearly evident in this plot. The standard analysis assumes that the data are iid, and such clustering clearly violates this assumption. The effect of such clustering is that events in the high frequency period will have a disproportionately large impact on the regression results.
One possible solution to counter the effects of this clustering is to form portfolios of stocks which are observed within a common time period. It is not clear however,
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whether that period should be a day, or longer. As such, we form portfolios for dividend events that occur simultaneously on a given day, week and month during the sample period. The estimation results for this portfolio approach to estimation dividend drop-off ratios is presented in Table 7 and the estimate for the daily data is 0.8959 and 0.9777 for Equations (1) and (2) respectively. These estimates are considerably higher compared to the unclustered benchmark results presented in Table 1 . Where a weekly timeframe is specified, the drop-off ratio estimates are higher again, including 1.1166 for Equation 2..The weekly timeframe also gives a notable improvement in fit relative to the benchmark regressions and nearly all of the other regressions in the paper. A monthly time frame reduces the sample size to 152
and generates considerably lower drop-off ratios across the two equations
The main problem with adopting a portfolio type approach is the substantial loss of data that results from having only one observation per day, week or month. An alternative approach is to use weighted regression teachnique, whereby each day has an equal contribution to the overall regression and the influence of each observation on a given day is proportional to the number of events on that day. Table 8 presents the estimation results using weighted regression analysis and the drop-off ratio increases against the benchmark to 0.8411 for Equation (1) but decreases to 0.7174 for Equation (2).
Recall that the data sample considered in this paper consists of ordinary shares and trust units. Figure 8 and 9 present a histogram of the number of dividend events for each day of the year for SIRCA security type 1 and 6 respectively. While the trust data has relatively fewer observations, the Figure 9 highlights that the clustering is far 21 more prevalent among trust data. As such, it may be useful to consider the drop-off ratio of these two different assets classes individually. To this end, the latter part of Table 8 presents the estimated dividend drop-off ratio for ordinary shares and trusts using a weighted regression equation. The results reveal that the drop-off ratio for trusts is considerably higher (0.8948 and 1.0510 for Equations (1) and (2) respectively) compared to ordinary shares (0.7721 and 0.7405 for Equations (1) and (2) respectively). The fir for the trust data is also dramatically better than for the other regressions.
Are Dividend Days Clustered Across the Days-of-the-Week?
The final issue considered in this paper focuses on whether dividend events are clustered on a particular day-of-the-week. For the sample of data considered in this paper, we find that dividend ex-dates are approximately twice as likely to occur on a Monday. Specifically, 3,504 ex-dividend events occurred on a Monday, whereas only 1,657 events occurred on a Tuesday, 1,347 on a Wednesday, 1,840 on a Thursday and 1,812 on a Friday.
Thus, Mondays are overrepresented in the sample and this may presented a problem for the estimation of the dividend drop-off ratio. The problem with Mondays is that the return is not measured across successive calendar days, in which case the return potentially incorporates a greater amount of news that has accumulated over the longer interval.
To test for the impact of the weekend return on the results, we re-estimate the drop-off ratio using close-to-close prices for Mondays and all other days of the week and the 22 results are presented in Table 9 . The drop-off ratio for Equation (1) is reasonably consistent compared to the benchmark. Where Equation (2) is used to estimate the drop-off ratio however, Mondays (0.9601) are associated with a noticeably higher value compared to the equation estimated for the data sampled on the other days-ofthe-week (0.8715).
Conclusions
This paper shows that attempting to estimate the 'true' drop-off ratio is ultimately futile because drop-off ratio estimates are so variable. In this paper they vary from 0.57 to 1.12, although most of the estimates lie between 0.75 and 1. Even the smallest modification to the sample, or method of measurement, can change the estimate substantially and can change the conclusion about whether or not the drop-off ratio is significantly different to one. Thus, it is not sensible to talk about the drop-off ratio in a point estimate sense but more meaningful to talk about a feasible range. Further, it is important to acknowledge the limitations of ex-dividend studies and triangulate their results with alternative approaches to estimating dividend values. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  >30 No. Obs. No. Obs.
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Table 1 Benchmark Estimation Results
The following table presents the estimation results for Equations (1) and (2) applied to dividend ex-date price changes measured from the cum-date close to ex-date open (Panel A) and ex-date close (Panel B). The raw data regression results are augmented with Robust Regression results and the results for a restricted sample that excludes the top 1% most influential observations. Finally, estimation results are also presented where ex-prices are adjusted for the overnight market return.
Equation (1) Equation (2) (1) and (2) applied to a restricted sample of data that includes only those events with a trade on the cum-day, the ex-day and both the cum and ex-dividend day respectively. The benchmark raw data close-to-close results are also reproduced from Table 1 . Panel B presents the estimation results where the stale prices are adjusted using either the market or the industry beta.
Equation (1) Equation (2) (1) and (2) applied to all dividend events for which spread data is available and a restricted sample of data that only includes those observations that have a dividend to spread ratio of greater than one. The spreads are measured at the market open, 10.30am, 3.30pm and the market close. Note that as the number of observations differs for each spread, the benchmark equation must be re-estimated in each case.
Equation ( (1) and (2) applied to a restricted sample of data for which the dividend to tick ratio is greater than one. Estimation results are also presented for these restricted sample regressions where ex-prices are adjusted for the overnight market return and the benchmark raw data close-to-close results are also reproduced from Table 1 . Panel B presents the estimation results for Equations (1) and (2) applied to a a restricted sample of data for which the dividend to tick ratio is a whole number (WN).
Equation (1) Equation (2) Note: standard errors in parentheses. ** = indicates significant at the 5% level.
Table 7 Portfolio Based Regression Results to Account for Event Clustering
The following table presents the estimation results for Equations (1) and (2) applied to data in which portfolios are formed on each day, week and month in the sample period respectively.
Equation (1 
Table 8 The Impact of Event Clustering on the Estimation of Dividend Drop-off Ratios
The following table presents the results for Equations (1) and (2) estimated using a weighted regression technique applied to the entire dataset, and Ordinary Shares (Security Type 1) and Trusts (Security Type 6) individually. The weights in the regression equation are set such that each day (week, month) has an equal contribution to the overall regression. The benchmark raw data close-to-close results are also reproduced from Table 1 .
Equation ( Table 9 The Impact of Day-of-the-Week Clustering on the Estimation of Dividend Drop-off Ratios
The following table presents the estimation results for Equations (1) and (2) for a sample of data that distinguishes between Mondays and all other days-of-the-week. The benchmark raw data close-to-close results are also reproduced from Table 1 .
